ABSTRACT
INTRODUCTION
Given the urgency to increase world food production to satisfy the needs of an 52 increasing population, it is vital that we assist farmers to make decisions to mitigate high rates 53 of crop loss due to insect pests and thus implicitly increase food production. Crop losses due 54 to insect pests can be substantial and may be prevented, or reduced, by crop protection 55 measures [1] [2] . Farmers rarely have the quality of information needed to make timely decisions 56 about insecticidal treatments. We attribute this case to the fact that their knowledge on when concentrated in a few sites, this highly aggregated distribution of information, limits our ability 64 to understand the large-scale dynamic of the phenomenon and to benefit from its knowledge.
historical data may help us to understand the population dynamics of the pest and use predictive models to estimate statistically meaningful risks of an infestation, its evolution and the 118 possibility of future outbreaks. Finally, communication on a global scale can bring researchers 119 to work together across large distances on the same pest by navigating themselves through the 120 IoT to distant traps or receiving data summaries across all sensors in the network. Infestation 121 data at global scales can be exploited by commercial and colonial interests to forecast prices in 122 crop production.
123
The reported literature on electronic insect traps that employ optical sensors is sparse 124 [45] [46] [47] [48] [49] . In [20, 24] Hendricks reported the first integrated synergy of a trap with electronic 125 elements with a view of transferring recorded data to a computer. The approach is interesting 126 given the means of that time. In [25, 26] , the authors presented a stand-alone device that would 127 count and transmit counts of a very destructive fruit pest, the oriental fruit fly, Bactrocera 128 dorsalis (Hendel)(Diptera: Tephritidae), from the field and is in-line with our research efforts.
129
Our approach aims at reducing the necessity of human-in-the loop in any intermediate We have embedded our electronics in traps monitoring population of insect pests of 142 olive, cotton, grapes, fruit trees, stored cereals and pulses, pine trees and palm plantations.
143
Mosquitoes and beehives are a category of their own that have also been integrated with our 144 framework. Our approach is not constrained to a specific brand or type of traps. However, we 145 need types of traps that protect to a certain extent the exposure of the electronics and have a 146 shape that allows the insects to pass through a funnel entrance so that they constrain their 
152
The philosophy in all trap types is common: There is always an emitter of light opposite to a Table 1 ). Picusan is custom made for R. ferrugineus that is a 161 relatively large insect whereas the pitfall trap needs to count insects possibly smaller that 1mm.
162
In the Picusan and Lindgren traps the light field is composed of 5 parallel light-beams (5 LEDs 163 with a small emitting angle of ±10 degrees) opposite to 5 photodiodes connected in row. 
180
Central agencies report to a global level at continental and/or global level.
continental, and global scales using the emerging technology of IoT. Local networks become 183 themselves nodes in larger networks until reaching global coverage.
184
The detected events due to photo-interruption need to be combined with the use of 185 species specific pheromone attractants. This is due to the fact that photo-interruption senses the 186 presence of the insect during its entrance to the trap but is blind to species identity. Therefore,
187
we must ensure that in the vast majority of cases the insect is attracted by a species specific 188 pheromone. 
223
Photo interruption due to a falling insect produces a voltage variation that is turned to a count. Results from the evaluation of the prototype traps are presented in Table 2 and Fig 5. 
255
As it is clearly concluded from our data, our system is very accurate, reaching 98-99% accuracy Though one may think that the most valuable part in a service based on a network of 294 traps is the trading of the hardware or the software it is the transmitted numbers that is actually 295 the priceless product. Granting access to a cloud service visualizing and interpreting data is a 296 business of its own. Data can be used to influence decisions, can be exchanged, hired or sold 297 and become input in predictive analytics tools whose predictions can lead to new services (e.g.
298
price prediction of food products, prediction for possible pest population outbreaks and crop 299 losses).
300
The data delivered can be decomposed to three distinct subsets: 
305
Once the data are collected and delivered to the server there are different levels of data 306 processing abstractions we can apply. A data-collection interface with inference based data 307 analysis provides the basis for predictive ecological models and mining of events for 308 agricultural management. In Fig. 6 we show the visualization interface that can be used for 
